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1. Introduction

In recent years Support Vector Machines (SVMs) have become one of the most widely used algorithms for classification
and regression problems. Besides their good performance in practical applications they also enjoy a good theoretical
justification in terms of both universal consistency (see [1-4]) and learning rates (see [5-9]) if the training samples come
from an i.i.d. process. However, often this i.i.d. assumption cannot be strictly justified in real-world problems. For example,
many machine learning applications such as market prediction, system diagnosis, and speech recognition are inherently
temporal in nature, and consequently not i.i.d. processes. Moreover, samples are often gathered from different sources
and hence it seems unlikely that they are identically distributed. Although SVMs have no theoretical justification in such
non-i.i.d. scenarios they are often applied successfully. One of the goals of this work is explain this success by establishing
consistency results for SVMs under somewhat minimal assumptions on the data-generating process. Namely, we show
that for any data-generating process that satisfies certain laws of large numbers there exists a sequence of regularization
parameters such that the corresponding SVM is consistent. By general negative results (see [10]) on universal consistency
for stationary ergodic processes this sequence of regularization parameters must depend on the stochastic properties of
the data-generating process and cannot be adaptively chosen. However, we show that if the process satisfies certain mixing
properties such as polynomially decaying a-mixing coefficients (see the definitions in the following sections) then a suitable
regularization sequence can be chosen a priori. In addition, a side effect of our analysis is that it provides consistency for
SVMs using Gaussian kernels even if the common compactness assumption of the input space is violated. Consequently,
our consistency results for ¢-mixing processes generalize earlier consistency results of [1-3] with respect to both the
compactness assumption on X and the i.i.d. assumption on the data-generating process.

* Corresponding author.
E-mail addresses: ingo@lanl.gov (I. Steinwart), dhush@lanl.gov (D. Hush), jcs@lanl.gov (C. Scovel).

0047-259X/$ - see front matter. Published by Elsevier Inc.
doi:10.1016/j,jmva.2008.04.001


http://www.elsevier.com/locate/jmva
http://www.elsevier.com/locate/jmva
mailto:ingo@lanl.gov
mailto:dhush@lanl.gov
mailto:jcs@lanl.gov
http://dx.doi.org/10.1016/j.jmva.2008.04.001

176 L. Steinwart et al. / Journal of Multivariate Analysis 100 (2009) 175-194

Relaxations of the independence assumption have been considered for quite a while in both the machine learning and
the statistical literature. For example PAC-learning for stationary B-mixing processes has been investigated in [11], and
more recently, consistency of regularized boosting for classification was established for such processes. For a larger class of
processes, namely «-mixing but not necessarily stationary processes, consistency of kernel density estimators was shown
in [12]. For bounded, stationary processes with exponentially decaying @-mixing coefficients a consistent method for one-
step-ahead prediction (also known as “static autoregressive forecasting”, see [13]) was presented in [ 14]. Moreover, for this
prediction problem [15] establishes consistency for a certain structural risk minimization approach under the assumption
that the process is stationary and has polynomially decaying g-mixing rates. For further results and references we refer the
reader to [16,17].

Relaxations of the stationarity of the process are less common. In fact, to the best of our knowledge [12] is the only
work which deals with such processes. One of the reasons for this lack of literature may be the fact that for non-identically
distributed observations there is no obvious way to define a reasonable risk functional which resembles the idea of “average
future error”. On the other hand, it seems obvious that learning methods based on a modified empirical risk minimization
procedure require at least that the process satisfies certain laws of large numbers. Interestingly, we will show that for
processes satisfying such laws of large numbers there is always a “limit” distribution which can be used to define a reasonable
risk functional. Moreover, for many interesting classes of processes the existence of such a limit distribution turns out to be
equivalent to a law of large numbers.

The rest of this work is organized as follows: In Section 2 we will define the notions “laws of large numbers” and
“limit” distributions for stochastic processes. We then discuss the relationship between these concepts and consider specific
classes of stochastic processes that satisfy these definitions. We then recall some basic classes of loss functions and define
consistency of learning algorithms for stochastic processes satisfying certain laws of large numbers. Finally, we show that
SVMs can be made consistent for such processes. In Section 3 we then recall various mixing coefficients for stochastic
processes. These coefficient are then used to establish consistency results for SVMs with a priori chosen regularization
sequence. Finally, the proofs of our results can be found in Section 4.

2. Consistency for processes satisfying a law of large numbers

The aim of this section is to show that SVMs can be made consistent whenever the data-generating process satisfies a
certain type of law of large numbers (LLNs). To this end we first recall some notions for stochastic processes and introduce
these laws of large numbers in Section 2.1. In Section 2.2 we then recall some important notions for loss functions and risks.
We also define consistency of learning algorithms for data-generating processes that satisfy a law of large numbers. Finally,
we present and discuss our consistency results for SVMs in Section 2.3.

2.1. Law of large numbers for stochastic processes

In this subsection we mainly introduce laws of large numbers for general, not necessarily stationary stochastic processes.
The concepts we will present seem to be quite natural and elementary, and therefore one would expect that they have
already been introduced elsewhere. Surprisingly, however, we were not able to find any exposition that covers major parts
of the material of this section, and thus we discuss the following notions in some detail.

Let us begin with some notations. Given a measurable space Z we write £y(Z) for the set of all measurable functions
f:Z — R,and £,(2) for the set of all bounded measurable functions f : Z — R. Moreover, for a set B C Z we write 1;
for its indicator function, i.e. 13 : Z — {0, 1} with 13(z) = 1 if and only if z € B. Let us now assume that we also have a
probability space (2, 4, i) and a measurable map T : 2 — Z. Then o(T) denotes the smallest o-algebra on (2 for which T is
measurable. Moreover, p; denotes the T-image measure of p, which is defined by u7(B) := w(T~'(B)), B C Z measurable.
In particular, if Z := (Z);>1 is a Z-valued stochastic process on (2, 4, 1) then pz denotes the image measure of the map
Z : 2 — Z". Furthermore, recall that Z is called identically distributed if u; = uz for alli,j > 1, and stationary in the

.......... 2 for all
n,i,ig, ..., i >1

As we will see later we are not interested in the data-generating process Z itself, but only in processes of the form
goZ = (goZ)1 forg : Z — Z being measurable. In the following we call g o Z an image of the process Z, and Z
itself a hidden process. The following definition introduces laws of large numbers for stochastic processes by considering
real-valued image processes:

Definition 2.1. Let Z be a Z-valued stochastic process on the probability space (12, 4, i). We say that Z satisfies the weak
law of large numbers for events (WLLNE) if for all measurable B C Z there exists a constant ¢z € R such that for all ¢ > 0 we

have
> 8}) =0. (1)
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Moreover, we say that Z satisfies the strong law of large numbers for events (SLLNE) if for all measurable B C Z there exists a
constant cz € R such that for y-almost all w € 2 we have

N
nll)n;OE;lB OZi(C()) = Cp. (2)

It is obvious that Z satisfies the WLLNE if and only if the sequences (% Y115 0 Z;) converge in probability p for all
measurable B C Z. Consequently, the SLLNE implies the WLLNE but in general the converse implication does not hold.
Moreover, if Z satisfies the WLLNE then the constants ¢z in (1) must obviously satisfy ¢z € [0, 1] for all measurable B C Z.
Finally, if Z satisfies the WLLNE or SLLNE then every image g o Z also satisfies the WLLNE or SLLNE, respectively.

For i.i.d. processes the map B + c; clearly defines a probability measure on Z. Our next goal is to show that this remains
true for general processes satisfying a WLLNE. To this end we first consider the averages % i1 E, 15 0Z of the probabilities
of the event B:

Definition 2.2. We say that a Z-valued stochastic process Z on the probability space (2, A, n) is asymptotically mean
stationary (AMS) if for all measurable B C Z the following limit exists

‘l n
P(B) := lim - > EulpoZ. (3)
i=1

The notion “asymptotically mean stationary” was first introduced for dynamical systems by Grey and Kieffer in [18]. We
are unaware of any work that introduces this notion for general stochastic processes, though a similar idea already appears
as assumption (S1) in [12].

Obviously every image of an AMS process is again AMS. Moreover, identically distributed - and hence stationary -
processes are obviously AMS. In addition, for such processes Z we also have P(B) = uz, (B) for all measurable B C Z, and
consequently, (3) defines a probability measure on Z. The following lemma whose proof can be found in Section 4 shows
that the latter observation remains true for general AMS processes.

Lemma 2.3. Let Z be a Z-valued AMS process on the probability space (52, 4, i). Then P defined by (3) is a probability measure
on Z. We call P the stationary mean of (Z, ).

It it is well known that not every stationary process satisfies a (weak, strong) law of large numbers for events.
Consequently, we see that in general AMS processes do not satisfy a law of large numbers. However, the following theorem
proved in Section 4 shows that the converse implication is true. In addition, it shows that the constants cg in (1) define the
stationary mean distribution.

Theorem 2.4. Let Z be a Z-valued stochastic process on the probability space (§2, A, i) that satisfies the WLLNE. Then Z is AMS
and the stationary mean P of (Z, ) satisfies
. g}> o (4)

for all measurable B C Z and all ¢ > 0. Moreover, if Z satisfies the SLLNE then w-almost surely

‘1 n
lim ({we Q: n;h; o Zi(w) — P(B)

n—oo

n—0 :

1 n
lim — Y 1307 = P(B).
n i=1

Eq. (4) shows that the stationary mean P describes with high probability our average observations from Z. Given a loss
function L (see Section 2.2 for definitions) it seems therefore natural to approximate the empirical L-risk of a function by
the corresponding L-risk defined by P.! However, in order to make this ansatz rigorous we have to extend (4) to function
classes larger than the set of indicator functions. We begin with the following result that shows that a law of large numbers
for events implies a corresponding law of large numbers of bounded functions:

Lemma 2.5. Let Z be a Z-valued stochastic process on the probability space (12, 4, () that satisfies the WLLNE. Furthermore, let
P be the asymptotic mean of (Z, ). Then for all f € £.,(Z) we have

1 Fori.i.d. observations one typically argues the other way around. However, for general stochastic processes the learning goal should be to minimize the
future average loss. This loss is an empirical L-risk which can be approximated by the L-risk defined by P. In the training phase of empirical risk minimizers
the latter L-risk is then approximated by the empirical L-risk of the already observed training samples. In this way P and the corresponding convergence
rates in (3) and (4) tell us how well we can generalize from the past to the future.
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Epf = lim — ZfOZ,' (5)
n—oo n P
in probability i, and
‘l n
Brf = lim 0D Buf o2 ©

Moreover, if Z actually satisfies the SLLNE then the convergence in (5) holds w-almost surely.

For classification problems we usually can restrict our considerations to bounded functions, and hence Lemma 2.5 is all
what we need. However, for regression problems with unbounded noise we have to consider integrable functions, instead.
The following definition serves this purpose:

Definition 2.6. Let Z be a Z-valued AMS process on the probability space (2, +, 1) and P its asymptotic mean. We say that
Z satisfies the weak law of large numbers (WLLN) if

- SD _0 ™)

for all f € L1(P) and all ¢ > 0. Moreover, we say that Z satisfies the strong law of large numbers (SLLN) if for all f € L;(P) we
u-almost surely have

. 1
lim ,u([we Q:‘n;fozi(w)—Epf

n—oo

n—oo

L1
lim - ';fozi = Epf. (8)

Let us end this discussion by recalling some examples of types of stochastic processes that satisfy the above definitions.

Example 2.7 (Independent Processes). Obviously, i.i.d. processes satisfy the SLLN and this remains true for certain types of
martingales. Moreover, by [ 19, Theorem 2.7.1] we see that a stochastic process Z for which all images 130 Z are independent
the SLLNE is satisfied if and only if Z is AMS. Analogously, by Markov’s inequality it is not hard to see that a stochastic process
Z whose coordinates Z; are pairwise independent satisfies the WLLNE if and only if Z is AMS.

Example 2.8 (Ergodic Processes). Recall that for invariant dynamical systems Birkhoff's theorem states that ergodicity is
equivalent to the SLLN or SLLNE, and from this one can conclude that every stationary ergodic process Z satisfies the SLLN.
In particular, if Z is an invariant ergodic dynamical system on (R¢, ) and & is an R%-valued i.i.d. process then the process
Z+-§ is stationary and ergodic and hence satisfies the SLLN. More information on ergodicity can be found in e.g. the books [20,
21].

Example 2.9 (Markov Chains). Stationary homogeneous Markov chains satisfying the “Doeblin condition” (see e.g. [22,
p. 197] or [23, p. 156]) are known to satisfy the SLLN (see [22, p. 219]). Moreover, simple assumptions ensuring Doeblin’s
condition can be found in [22, p. 192f], and for conditions similar to Doeblin’s condition we refer the reader to [23] and the
references therein. In addition, the SLLN still holds for some non-homogeneous, not identically distributed Markov chains
(see [19, p. 129-135]). Finally, Markov chains on countable sets satisfy the SLLNE if they are irreducible, positive recurrent,
and homogeneous (see e.g. [24, Theorem 1.10.2]).

2.2. Loss functions, risks, and consistency

In this section we recall some basic notions for loss functions and their associated risks. We then introduce consistency
notions for learning algorithms for stochastic processes satisfying a law of large numbers.

In the following X is always a measurable space if not mentioned otherwise and Y C R is always a closed subset. Moreover,
metric spaces are always equipped with the Borel o-algebra, and products of measurable spaces are always equipped with
the corresponding product o-algebra. Finally, L, () stands for the standard space of p-integrable functions with respect to
the measure u on X.

Definition 2.10. A function L : X x Y x R — [0, oo] is called a loss function if it is measurable. In this case we say that L
convex (or continuous) if L(x, y, .) : R — [0, oo] is convex (or continuous) for all x € X, y € Y. Moreover, for a probability
measure Pon X x Y and an f € £,(X) the L-risk of f is defined by

Ria) = [ Lxy.500) dPxy) = [ [ L(xy.500) dPOk0) APy,

Finally, the Bayes L-risk is R} , := inf{R, p(f) : f € Lo(X)}.



I. Steinwart et al. / Journal of Multivariate Analysis 100 (2009) 175-194 179

Note that the integral defining the L-risk always exists since L is non-negative and measurable. In addition it is obvious
that the risk of a convex loss is convex on £, (X). However, in general the risk of a continuous loss is not continuous. In order
to ensure this continuity and several other, more sophisticated properties we need the following definition:

Definition 2.11. Aloss functionL: X x Y x R — [0, oo] is called a Nemitski loss function if there exist a measurable function
b:X x Y — [0, o0) and an increasing function h : [0, co) — [0, co) with
Lix,y,t) <bx,y) +h(lt), (xy1)e€Xx¥YxR. 9)

Furthermore, we say that L is a Nemitski loss of order p € (0, 00), if there exists a constant ¢ > 0 with h(t) = ct” forall t > 0.
Finally, if P is a distribution on X x Y with b € L;(P) we say that L is a P-integrable Nemitski loss.

Note that P-integrable Nemitski loss functions L satisfy R; p(f) < oo for all f € L, (Px), and consequently we also have
R.p(0) < ooand R, < oo.

For our further investigations we also need the following additional properties which are satisfied by basically all
commonly used loss functions:

Definition 2.12. LetL: X x Y x R — [0, co) be a loss function. We say that L is:

(i) locally bounded if for all bounded A C R the restriction Lixxyxs Of L is a bounded function.
(ii) locally Lipschitz continuous if for all a > 0 we have

|L(X, Y, t) - L(X, Y, t,)|

Llg1:= su su < 00. 10
’ !
tel-aa XX [t—1t|
t£t! yey

(iii) Lipschitz continuous if we have |L|; := sup,.q|L|s1 < o0.

Note thatif Y C Ris a finite subsetand L : Y x R — [0, co) is a convex loss function then L is a locally Lipschitz continuous
loss function. Moreover, a locally Lipschitz continuous loss function L is a Nemitski loss since (10) yields

L(x,y,t) <L(x,y,0) + [LIigalt], (¥, t) eXxXY xR, (11)

In particular, a locally Lipschitz continuous loss L is a P-integrable Nemitski loss if and only if R, (0) < co. Moreover, if L is
Lipschitz continuous then L is a Nemitski loss of order 1.

The following examples recall that (locally) Lipschitz continuous losses are often used in learning algorithms for
classification and regression problems:

Example 2.13. AlossL : Y x R — [0, co) of the form L(y, t) = ¢(yt) for a suitable function ¢ : R — [0, co) and all
y € Y ={-1,1}and t € R, is called margin-based. Recall that margin-based losses such as the (squared) hinge loss, the
AdaBoost loss, the logistic loss and the least squares loss are used in many classification algorithms. Obviously, L is convex,
continuous, or (locally) Lipschitz continuous if and only if ¢ is. In addition, convexity of L implies local Lipschitz continuity
of L. Moreover, L is always a P-integrable Nemitski loss since we have

L(y, ©) = max{e(-t), ()} (12)
forally € Y and all t € R. In particular, this estimate shows that every convex margin-based loss is locally bounded.

Moreover, from (12) we can easily derive a characterization for L being a P-integrable Nemitski loss of order p.

Example 2.14. AlossL : Y x R — [0, oco) of the form L(y, t) = ¥(y — t) for a suitable function ¢ : R — [0, co) and all
yeY:=Randt € R,is called distance-based. Distance-based losses such as the least squares loss, Huber’s insensitive loss,
the logistic loss, or the e-insensitive loss are usually used for regression. Moreover, these examples illustrate that in general
distance-based loss functions are neither locally bounded nor locally Lipschitz continuous. On the other hand, it is easy to
see that L is convex, continuous, or Lipschitz continuous if and only if v is. Let us assume that L is a convex loss, i.e. ¥ is
convex. Then v is locally Lipschitz continuous and hence V(r) := [v_r |1, where |{_. 4|1 denotes the Lipschitz constant
of the function ¥_, : [—r, 1] — [0, c0) is defined for all r > 0. Moreover, [4, Lemma 4] shows

V@) = 21 sl < 4VCD, 1> 0. (13)
Let us say that L is of upper growth p € [1, o) if there is a c > 0 with

Yy =c(rP+1), reRr.
Analogously, L is said to be of lower growth p € [1, co) if there is a ¢ > 0 with

Yy =c(rlP—-1), reRr.
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Recall that most of the commonly used distance-based loss functions including the above examples are of the same upper
and lower growth type. It is obvious that L is of upper growth type 1 if it is Lipschitz continuous, and if L is convex the
converse implication also holds. Moreover, non-trivial convex L are always of lower growth type 1. In addition, a distance-
based loss function of upper growth type p € [1, co) is a Nemitski loss of order p, and if the distribution P satisfies the
moment condition

1/p
Pl = ()= ([ P dpixy) <o (14)

it is also P-integrable.

If our observations are realizations of a sequence Z of random variables (X;, Y;) : 2 — X x Y satisfying a law of large
numbers then the following lemma proved in Section 4 shows that the risk with respect to the asymptotic mean distribution
P actually describes the average future loss.

Lemma 2.15. Let (2, A, 1) be a probability space, X be a measurable space, Y C R be a closed subset, and Z := ((Xi, Yi))i>1
be a X x Y-valued stochastic process on 2 satisfying the WLLNE. Furthermore, let P be the asymptotic mean of (Z, u) and
L:X xY xR — [0, 00) be aloss function. If Lis locally bounded then for all f € £.,(X) and all nyp > 0 we have

1
eﬂL,p(f) = lim

n—oon —n

n
3L, Y f(X)), (15)
0 i=ng+1
where the limit is with respect to the convergence in probability . Moreover, if Z actually satisfies the SLLNE then (15) holds
u-almost surely. Finally, the same conclusions hold if L is a P-integrable Nemitski loss and Z satisfies the WLLN or SLLN.

With the help of the above lemma we can now introduce some concepts describing the asymptotic learning ability of
learning algorithms. To this end recall that a method £ that provides to every training set T := ((x1,¥1), ..., X, Yn)) €
(X x Y)" a (measurable) function f; : X — R is called a learning method. The following definition introduces an asymptotic
way to describe whether a learning method can learn from samples:

Definition 2.16. Let (12, 4, 1) be a probability space, X be a measurable space, Y C R be a closed subset, and Z =
((Xi, Yi))i=1 be a X x Y-valued stochastic process on 2 satisfying the WLLNE. Furthermore, let P be the asymptotic mean
of (Z,w)andL: X x Y x R — [0, 0o) be a loss function. We say that a learning method £ is L-consistent for Z if

nlirgo Rip(fr,) = cﬂzp (16)

holds in probability u, where T, := ((X1, Y1), ..., (Xa, Yz)) and R}, is the Bayes risk defined in Definition 2.10. Moreover,
we say that £ is strongly L-consistent for Z if (16) holds p-almost surely.

2.3. Consistency of SVMs

In this subsection we present some results showing that support vector machines (SVMs) can learn whenever the data-
generating process satisfies a law of large numbers.

Let us begin by recalling the definition of SVMs. To thisend letL : X x Y x R — [0, co) be a convex loss function
and H be a reproducing kernel Hilbert space (RKHS) over X (see e.g. [25]). Then for all A > 0 and all observations
T:=((x1,¥1), .., (xn, ¥n)) € X x Y there exists exactly one element f;, € H such that

. 1
frao€ argminA[If1F + = YL (xi, yi f(x) - (17)
feH ni3

Given a null-sequence (A,) of strictly positive real numbers we call the learning method that provides to every training set
T € (X x Y)" the decision function fr;, an (A,)-SVM based on H and L. For more information on SVMs we refer the reader to
[26,27].

Moreover, given a distribution P on X x Y we say that the RKHS H is (L, P)-rich if we have

ﬂ;_kp,H = inf ﬂLqp(f) = eﬂzp,
’ feH
i.e. if the Bayes risk can be approximated by functions from H. Note that the condition R}, ; = R, is satisfied (see [28])
whenever, the kernel of H is universal in the sense of [29], i.e. X is a compact metric space and H is dense in the space C(X) of

continuous functions. Less restrictive assumptions on H and X have been recently found in [28]. In particular, it was shown
in [28] that the RKHSs H,, o > 0, of the Gaussian RBF kernels

ky(x,X) :=exp (—02||x - x/||%) , x,x eRr!

are (L, P)-rich for all distributions P on R? x Y and all continuous, P-integrable Nemitski losses L of order p € [1, co). Finally,
one can also find some necessary and sufficient conditions for (L, P)-richness on countable spaces X in [28].
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In order to present our first main result let us recall that a Polish space is a separable topological space whose topology
can be described by a complete metric. It is well known that e.g. closed and open subset of R? and compact metric spaces
are Polish.

Now our first theorem essentially shows that there exists a consistent SVM for every process that takes values in a Polish
space and that satisfies a law of large numbers for events.

Theorem 2.17. Let X be a Polish space, Y C R be a closed subset and L : X x Y x R — [0, co) be a convex, locally Lipschitz
continuous, and locally bounded loss function. Moreover, let (12, 4, it) be a probability space, Z = ((X;, Y:))i=1 be an X x Y-
valued stochastic process on 2 satisfying the WLLNE, and P be the asymptotic mean of (Z, ). Finally, let H be an (L, P)-rich RKHS
over X with bounded and continuous kernel. Then there exists a null-sequence (\,) of strictly positive real numbers such that the
(An)-SVM based on H and L is L-consistent for Z.

In addition, if Z satisfies the SLLNE then (\,) can be chosen such that the (A,)-SVM is strongly L-consistent for Z.

We have seen in Example 2.14 that distance-based loss functions are in general are locally bounded. Nonetheless the
following theorem establishes consistency for such losses.

Theorem 2.18. Let X be a Polish space, Y C R be closedandL : Y xR — [0, oo) be a convex, distance-based loss function of upper
growth-type p € [1, 0o). Moreover, let (§2, 4, (1) be a probability space, Z = ((Xi, Y;))i=1 be an X x Y-valued stochastic process
on (2 satisfying the WLLN, and P be the asymptotic mean of (Z, ). We assume that |P|, < oo. Finally, let H be the (L, P)-rich
RKHS of a bounded and continuous kernel on X. Then there exists a null-sequence (), of strictly positive real numbers such that
the (A,)-SVM based on H and L is L-consistent for Z.

In addition, if Z satisfies the SLLN then (X,) can be chosen such that the (A,)-SVM is strongly L-consistent for Z.

The techniques used in the proofs of Theorems 2.17 and 2.18 are based on a (hidden) skeleton argument in the proof of
Lemma 4.4. A more general though standard skeleton argument can be used to derive results similar to Theorems 2.17 and
2.18 for other empirical risk minimization methods using hypothesis sets with reasonably controllable complexity. Due to
space constraints we omit the details.

Let us now assume for amoment that X is a subset of R%, Lis a loss function in the sense of either Theorem 2.17 or 2.18, and
H is the RKHS of a Gaussian RBF kernel. Then the above theorems together with the richness results from [28] show that for all
data-generating processes Z satisfying a law of large numbers there exist suitable regularization sequences (A,) that allows
us to build a consistent SVM. However, the sequences of Theorem 2.17 or 2.18 depend on Z, and consequently, it would
be desirable to have either a universal sequence (,), i.e. a sequence that guarantees consistency for all Z, or a consistent
method that finds suitable values for A from the observations. Unfortunately, the following theorem due to Nobel, [10],
together with Birkhoff's ergodic theorem shows that neither of these alternatives is possible?:

Theorem 2.19. There is no learning method which is Lisquares-consistent for all stationary ergodic processes (X;, Y;) with values in
[0, 1] x [0, 1], where Lisquares denotes the usual least square 10Ss Lisquares (¥, t) := (¥ — t)%, y, t € R. Moreover, there is no learning
method which is Ly,ss-consistent for all stationary ergodic processes (X;, Y;) with values in [0, 1] x {—1, 1}, where Lg,ss denotes
the classification 10Ss Lejass (v, t) := 1(—oo,01(¥ Signt),y = £1, t € R.

Roughly speaking the impossibility of finding a universal sequence (1,) is related to the fact that there is no uniform
convergence speed in the LLNs for general processes. More precisely, if Z := ((X;, Y;))i>1 is a stochastic process which
satisfies a law of large numbers then for all ¢ > 0, n > 1, and all suitable functions f : X x Y — R there exists a d(e, f,n) > 0

with
d

and lim,,_, o, 8(¢, f, n) = 0. Now, the proofs of Theorems 2.17 and 2.18 (essentially) show that we can determine a sequence
(An) whenever we know such é(e, f, n) for all e > 0, n > 1, and a suitably large class of functions f. However, since there
exists no universal sequence (),) by Theorem 2.19 we consequently see that there exists no values 8(e, f, n) such that (18)
holds for all (stationary) processes satisfying a law of large numbers.

This discussion shows that in order to build consistent SVMs for interesting classes of processes one has to find
quantitative versions of laws of large numbers. In the following section we will present a simple yet powerful method for
establishing such versions for mixing processes.

‘l n
weN: ‘n > fo (X, Yi)(w) — Epf
i=1

>£}> < 8(s, f,n) (18)

2 Recall that binary classification is the “easiest” non-parametric learning problem in the sense that negative results for this learning problem can
typically be translated into negative results for almost all learning problems defined by loss functions (cf. p. 118fin [30] for some examples in this direction
and the proof of the below theorem in [10] for the least squares loss).



182 L. Steinwart et al. / Journal of Multivariate Analysis 100 (2009) 175-194
3. Consistency for mixing processes

In this section we derive consistency results for SVMs under the assumption that the data-generating process satisfies
certain mixing conditions. These mixing conditions generally quantify how much a process fails to be independent. In the
first subsection we recall some commonly used mixing conditions. In the second subsection we then present our consistency
results and compare them with known consistency results for other learning algorithms.

3.1. Mixing coefficients for processes

In this subsection we recall some standard mixing coefficients and their basic properties (see e.g. [31,17] for thorough
treatment). To this end let 2 be a set, 4 and B be two o-algebras on (2, and u be a probability measure on o(A U B).
Furthermore, let H be a Hilbert space and .£,(+4, 1, H) be the space of all A-measurable H-valued functions that are p-
integrable with respect to u. Using the convention g := 0 we define the following mixing coefficients for the pair (4, 8):

a(h, B, ) = sup (AN B) — w(A)u(B)|

H(ANB) — u(A)u(B)
n(A)

(A, B, 1) = sup
AeA
BeB

Pym(A, B, 1) = oA, B, 1) - 9(B, A, 10)

E,(f,g) — (E.f, E
RI(A, B, ) == sup u{f- &) = (Euf “g)’, p €[2, ool.
FedLp(A, i) 1, Nl
geLp(B.pu,H)

It is obvious from the definitions that all mixing coefficients equal 0 if A4 and 8 are independent, and besides ¢ they are also
symmetric in .4 and 8. Moreover, we have 2a(A, B, 1) < (4, 8, ) and da(A, B, k) < R (A, B, 1) < 2@qym (A, B, )
forall p € [2, o¢], see [31, Section 1] and the references therein. Furthermore, [32, Theorem 4.1] shows that for all p € [2, o]
there exists a constant ¢, > 0 such that for all Hilbert spaces H we have

RE(A, B, 1) < RI(A, B, 1) < ¢, RE(A, B, 1), (19)

Note that for p = 2 we actually have ¢, = 1 and for p = oo we may choose the famous Grothendieck constant
(see the proof of Lemma 2.2 in [33]). Moreover, it is obvious from the definition that R?(A, B, u) is decreasing in p, i.e.
Rg(A, B, ) < RQ(,A, B, n) for g < p. Finally, Theorem 4.13 in [34] gives the highly non-trivial relation

2
Ry (A, B, ) < 21 a'F (A, B, 1) @hm(A, B, 1), pe (2, 00]. (20)
Let us now consider mixing coefficients and corresponding mixing notions for stochastic processes:

Definition 3.1. Let Z be a Z-valued stochastic process on the probability space (2, 4, u) and let & be one of the above mixing
coefficients. For i, j > 1 we define the &-bi-mixing coefficient of Z by

§(Z, u,i,j) =& (0(Z),0(Z), 1) .-
Furthermore, for n > 1 the &-mixing and &-mixing coefficients of Z are defined by

§(Z, u,n) :=supé(Z, u,i,i+n)
i>1

E(Z, p,n) = S_U%)g(a(zl, o Zi)y 0(Zigens Zigigns -+ )5 L)

It is immediately clear that §(Z, u, n) < &(Z, u, n). This trivial observation is interesting since the literature typically
deals with &(Z, u, n), whereas the consistency results which we will present in the following subsection only require
bounds on &(Z, u, n) or £&(Z, w, i, j). Finally, recall that for stationary, homogeneous Markov chains Z we actually have
S(Z» I'L! n) = é(zv I"Lv Tl) lfé ;é (psym-

In the following we say that the process Z is §-mixing if lim,_, ., £(Z, n, n) = 0. Moreover, Z is called weakly &-mixing
if lim,_, o % Y i1 E(Z, 1, k) = 0.1n addition, we define analogous mixing notions for &. Finally, Z is said to be weakly &-bi-
mixing if

. 10 i—1 o
,}LrglonszZE(Z,u,l,J) =0. (21)
1

i=1 j=

Obviously, every £&-mixing process is weakly £&-mixing, and since a simple induction over n € N shows
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n i—1

n—1 n—k
YD EZ L) =) EZ pomtk,m), n=1,
i=1 j=1 k=1 m=1
we also see that every weakly &-mixing process is weakly &-bi-mixing. Moreover, if the process Z is stationary in the wide
sense then an elementary proof shows that £(Z, w, i,j) = £&(Z, u, i+k, j+k).Since this implies £(Z, u, i, j) = &(Z, u, i—j+1)
fori > j > 1 we then find

n i—1 n—1 n—k n—1
DD EZ iy =) Y EZ pemtkom) =) (n—k)EZ, uk+ ). (22)
i=1 j=1 k=1 m=1 k=1
Consequently, every stationary weakly &-bi-mixing process is actually weakly £&-mixing.

Some information on mixing conditions for stationary processes and their relation to mixing in the ergodic sense can be
found in e.g.[31]. Examples of (exponentially or polynomially) £&-mixing processes including certain Markov, ARMA, MA(c0),
and GARCH processes can be found in [35, Sect. 2.6.1] and [31,34,36]. Moreover, mixing properties of Gaussian processes
are considered in [34, Chapter 9]. Finally, [37, Theorem 26.5] together with [34, Proposition 3.18] shows that in general the
&-mixing rates can be arbitrarily slow. A brief survey of these and other results together with various references is given
in [31], and a thorough and recent treatment can be found in [34,36,37].

Let us finally discuss some laws of large numbers for mixing processes. We begin with the following simple result proved
in Section 4 which shows that asymptotically mean stationary, weakly bi-mixing processes satisfy the WLLNE:

Proposition 3.2. Let Z be a Z-valued weakly «-bi-mixing stochastic process. Then Z is AMS if and only if it satisfies the WLLNE.

Using [19, Theorm 8.2.1] it is easy to see that for @-mixing processes being AMS is actually equivalent to the SLLNE.
Finally, [38, Cor. 8.2.2] shows that identically distributed processes Z with

i\/sb(z, W, 2") < oo (23)

n=1

satisfy the SLLN. Obviously, (23) is satisfied whenever there are constants ¢ > 0 and & > 2 such that ¢(Z, p,n) < c(lnn)™
foralln > 2.

3.2, Consistency of SVMs for mixing processes

In this subsection we establish consistency results for data-generating processes with known upper bounds on the weakly
«-bi-mixing rate. Unlike in the case of general processes satisfying a law of large numbers these new consistency results
give explicit conditions on the regularization sequences guaranteeing consistency.

In order to formulate these results we have to introduce a new quantity. To this end let k be a bounded kernel over some
set X. Then the supremum norm of k is defined by

lklloo == supy/k(x, x).
xeX

Note that for the Gaussian kernels k, we have ||ky o = 1.
Now we can present our first consistency result which deals with locally Lipschitz-continuous loss functions:

Theorem 3.3. Let X be a separable metric space, Y C R be a closed subset and L : X x Y x R — [0, oco) be a convex, locally
Lipschitz continuous loss function with ||L(., ., 0)||.c < c. Moreover, let (2, A, i) be a probability space, Z = ((X;, Y;))i=1 be an
X x Y-valued, AMS stochastic process on §2, and P be the asymptotic mean of (Z, ). In addition, let H be an (L, P)-rich RKHS over
X with bounded continuous kernel k. We write

o\ 172
B;. == |lklloo (X) , A>0.

Finally, assume that there are constants C € (0, oo) and « € (0, 1] such that

‘l n
‘n Y Euf 0Zi — Epf| < Cf[loon™® (24)
i=1
12 i—1
nﬁzza(zv :u’vla]) S Cnia (25)
i=1 j=1
forallf € £,,(Z) and all n > 1. Then for all null-sequence (A,) of strictly positive real numbers satisfying
LI, 4
o 26

the corresponding (A,)-SVM based on H and L is L-consistent for Z.
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The above result is of particular interest for binary classification problems. Indeed, recall that the standard SVM for
classification uses the hinge loss defined by

L(y,t) :=max{0,1—yt}, yeY:={-1,1}, teR.

Obviously, this loss function is convex and Lipschitz continuous with |L|; = 1 and L(y, 0) = 1fory € Y. For X := R? and H,
being the RKHS of a Gaussian RBF kernel with fixed width ¢ we consequently obtain L-consistency for the corresponding
(An)-SVM whenever A, — 0 and A2n* — oo, where « is the exponent satisfying (24) and (25). Since L-consistency implies
binary classification consistency (see e.g. [3,39]) we hence see that the above SVM is classification consistent. Note that this
consistency generalizes earlier consistency results of [ 1-3] with respect to both the compactness assumption on X and the
i.i.d. assumption on the data-generating process. Finally, in the case of @« = 1 the SVMs using the hinge loss L and an (L, P)-
rich RKHS is consistent if A, — 0 and nA? — oo. Since this is exactly the condition ensuring consistency in the i.i.d. case we
see that such an SVM is quite robust against violations of the i.i.d. assumption.

If quantitative approximation properties of H in terms of convergence rates for R, p(fp;) — i, are known, the proof
Theorem 3.3 also provides learning rates. However, we conjecture that these rates are usually overly conservative in terms of
the estimation error, i.e. the statistical part of the analysis, since for the latter we only employ Markov’s inequality in a very
straightforward fashion. Nonetheless, sharper learning rates seem to be possible for e.g. exponentially f-mixing processes
such as certain Markov chains. However, our experience from the analysis for i.i.d. processes suggests that quite involved
techniques are needed to obtain sharp learning rates (and not only sharp rates for the estimation error). For example, [40]
shows that in order to correctly combine the approximation error with the estimation error a localization argument with
respect to the regularization parameter is needed. Moreover, it is well known that for i.i.d. processes the so-called variance
bounds can drastically improve the learning rates, and such variance bounds typically lead to another localization argument
that uses Talagrand’s inequality. For these reasons we feel that any serious consideration of learning rates is out of the scope
of the paper. Instead we would like to compare our consistency result with the consistency result for regularized boosting
algorithms derived in [41]. To this end we first observe that for (in the wide sense) stationary processes (24) is automatically
satisfied and (25) is equivalent to

‘1 n
=y eZ s, nx1,
i3

by (22). Obviously, the latter is satisfied if Z is algebraically a-mixing with exponent «, i.e. if it satisfies ®(Z, u, n) < Cn~* for
all n > 1. Consequently, Theorem 3.3 implies consistency results for stationary, algebraically @-mixing processes for which
we have a bound on the mixing rate. Compared to this [41] only establishes a consistency result for stationary, algebraically
B-mixing processes for which we have a bound on the mixing rate. Since in general @-mixing is strictly weaker assumption
than B8-mixing we see that Theorem 3.3 substantially weakens the assumptions of [41]. Finally, note that our restriction to
polynomial rates in (24) and (25) is by no means necessary. For example, if we replace n=* by (logn)~“ in (24) and (25) then
the corresponding condition on (X,) for the SVM using the hinge loss becomes A2(logn)* — oo. In particular, note that
such an SVM is consistent for all stationary, algebraically a-mixing processes!? In this direction it is interesting to recall that
in [12] consistency was established for kernel estimators and algebraically e-mixing, not necessarily stationary processes.
To the best of our knowledge this is the consistency result that is closest in its assumptions on Z to Theorem 3.3.

The proof of Theorem 3.3 is based on a stability argument together with a simple Markov-type concentration inequality
for Hilbert-space-valued random variables. In principle, one could also employ exponential type inequalities for sums of
R-valued random variables in the sense of e.g. [17, Chapter 1.4] together with a skeleton argument based on e.g. covering
numbers. However, some preliminary considerations we made in this direction suggest that at least for a straightforward
approach the resulting conditions on (A,) are substantially stronger. Consequently, we do not discuss such an approach in
further detail.

The next theorem establishes a result similar to Theorem 3.3 for distance-based loss functions of some growth type p:

Theorem 3.4. LetL: R x R — [0, 0o) be a convex distance-based loss function of upper growth type p € [1, 2]. Furthermore, let
X be a separable metric space and H be an (L, P)-rich RKHS over X with bounded continuous kernel k. Moreover, let (§2, A, i) be
a probability space, Z = ((X;, Y;))i=1 be an X x R-valued, AMS stochastic process on (2, and P be the asymptotic mean of (Z, p).
Assume that we have

SU? [, vplq < 00 (27)
iz

for some q € [p, ool, where | .|, is the moment defined by (14). Furthermore assume that there are constants C > 0 and
o, B € (0, 1] such that

‘1 n
- > Euf 0Zi — Epf| < Clf [,y n® (28)
i=1

3 However, for such (A,) the SVM typically deals too conservatively with the stochastic part of the learning process, so that the approximation behaviour
is poor. As a consequence this result does not seem to have any practical relevance.
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12 i—1 1_2-2 2p—2

= @' (Z, b sy (Z, 1, 0,)) < Cn P (29)
i=1 j=1

forallf € Li(P) N (N2, L1 (it (x,.vy)- Then for all null-sequences (X,,) of strictly positive real numbers satisfying the conditions

An®® — oo (30)
)Lﬁpnﬂ — 00 (31)
the corresponding (A,)-SVM based on H and L is L-consistent for Z.

Since distance-based loss functions are typically used for regression problems we see that the above theorem is mainly
interesting for these learning scenarios. For Lipschitz continuous losses such as the absolute distance loss L(y, t) := |y — t],
the e-insensitive loss L(y, t) ;= max{0, |y — t| — €}, the logistic loss or Huber’s robust loss we obviously have p = 1 and hence
(29) reduces to (25). Moreover, for Lipschitz continuous losses we can choose ¢ = 1 in (27). Consequently, it is easy to see
that all remarks made for the classification SVM using the hinge loss, remain true for regression SVMs using one of the above
losses.

In contrast to this an SVM that uses the standard least squares loss requires p = 2 in the above theorem. For processes
with uniformly bounded noise, i.e. ¢ = oo, we again see that (29) reduces to (25). Moreover, for q € (2, o0) we have

n_i—1 5 2 n i-1 -7

nlz 22 H(Z L N pdm(Z, 1)) < <n12 PIPILICAT i,j)>
i=1 j=1 i=1 j=1

so that (25) implies (29) for 8 := a(1 — 2/q). However, for ¢ = 2 we have 1 — ZI’T’Z = 0, and consequently we only obtain

consistency results for weakly ¢sym-bi-mixing processes.

Theorem 3.4 generalizes the only known consistency result (see [4]) for regression SVMs dealing with unbounded noise
with respect to both the compactness assumption on X and the i.i.d. assumption on the data-generating process. In particular,
Theorem 3.4 shows that such SVMs are rather robust against violations of these assumptions, and consequently it gives a
strong justification of using such SVMs in rather general situations.

Finally, we would like to mention that condition (27) can be replaced by a weaker assumption describing the average
behaviour of the sequence (|14, vlq)i=1- However, the resulting conditions on (1,) are more complicated and hence we
omit the details.

4. Proofs
4.1. Proofs from Section 2.1
Proof of Lemma 2.3. Let B be the o-algebra of Z. We write P,(B) = % YL,z € B) forB e Bandn > 1. Then P, is

obviously a probability measure on B for all n > 1. Now the theorem of Vitali-Hahn-Saks (see e.g. [42, p. 158-160]) ensures
that P(B) := lim,_. ., P,(B), B € 8B, defines a probability measureon 3. H

Proof of Theorem 2.4. Recall that the convergence in probability © can be described by the metric

d(f.g) = /Qmin{l, f—glt du. f.g € Lo(2).

Moreover, for measurable B C Z let ¢; be the constant satisfying (1). The WLLNE and the above metric then shows

1 n
- E IBOZi_CB
i3

Since ||. |, () is continuous on L; (i) we hence find

lim

n—oo 0

du =0.

‘l n ‘1 n
lim - S E, 1507 = limf 23 1,0zdu = lim
n—oo n ; H' B ! n—oo 0 n ; B ! M n—oo 0

12
EZIBOZi

i=1

du = E,u.chl = Cs,

where the existence of the right limit implies the existence of the left limit. Consequently, Z is AMS and we have P(B) = c;.
Obviously, the latter together with (1) immediately gives (4). Finally, if Z satisfies the SLLNE then we obtain the almost sure
convergence in (4) from (2). W

Proof of Lemma 2.5. Let us begin by showing the assertion for the SLLNE. To this end we fix an ¢ > 0. By the approximation
lemma for bounded measurable functions there exists a step function g : X — R with |f — g|l.o < &. Now, the linearity of
the limit together with the SLLNE shows

1
Epg = lim i;g 0 Zi(w)
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for w-almost all w € 2, and consequently, [43, Lemma 20.6] gives an ny > 1 such that

‘l n
- ZgoZi — Epg
ni3

% (Sunp < e) >1—e. (32)
=ng

Moreover, for w € (2 the triangle inequality together with ||f — gl < ¢ yields

n

1
—Y goZ(w) — Epgl,
ni3

sup

n=ng

< 2e+sup

n=ng

‘1 n
=Y foZi(w) — Epf
ni:

and hence we obtain

w (sup
n=ngp

This shows the p-almost sure convergence in (5). Using that the functions % YiifoZ,n > 1, are uniformly bounded
Lebesgue’s theorem then yields

1< 1< 1<
Bf = [ Eofdu = [ lim > fozdu=lim [ <Y fozdu=lim =Y B.foz,
0 on—oon = n—-o Jon = n—oo n =
and hence we have found (6). Finally, if Z only satisfies the WLLNE then pulling the supremum out of i in (32) and adjusting

the rest of the proof accordingly shows (5) with convergence in probability x. Moreover, in this case (6) can be shown
analogously to the argument used in the proof Theorem 2.4. W

1 n
7Zfoz,—Epf 538) >1-—e¢.
nis

4.2. Proofs from Section 2.2

Proof of Lemma 2.15. Let us first assume that L is locally bounded. It is then straightforward to check that it suffices to
consider the case np = 0. Now observe that the function g(x, y) := L(x, y, f(x)), (x,y) € X x Y, is a bounded, measurable
function since f is assumed to be bounded, and L is locally bounded. Applying Lemma 2.5 to the function g then gives the
assertion.

Let us now assume that L is a P-integrable Nemitski loss. Then there exist a b € L;(P) and an increasing function
h: [0, c0) — [0, co) with

g(x,y) <b(x,y) +h(flle), (*y)eXxY.

This shows that g € L;(P), and hence the assertion follows from Definition 2.6. ®

4.3. Proofs from Section 2.3

For the proof of Theorem 2.17 we need some preparations. Let us begin with the following result on the existence and
uniqueness of infinite sample SVMs which is a slight extension of similar results established in [44,4]:

Theorem 4.1. LetL: X x Y x R — [0, o0) be a convex loss function and P be a distribution on X x Y such that L is a P-integrable
Nemitski loss. Furthermore, let H be a RKHS of a bounded measurable kernel over X. Then for all A > 0 there exists exactly one
element fp € H such that

MUl + Rup o) = 0F AN + Rip (- (33)

Furthermore, we have ||fp ||y < / &%(O)

The following two results describe the stability of the empirical SVM solutions. The first result was (essentially) shown
in [44,4]:

Theorem 4.2. Let X be a separable metric space, L : X x Y x R — [0, 0o) be a convex, locally Lipschitz continuous loss function,
and P be a distribution on X x Y with R, p(0) < oo. Furthermore, let H be the RKHS of a bounded, continuous kernel k over X with
canonical feature map ¢ : X — H. We define

Rip(0)"?
)

Then for all .. > 0 there exists a bounded, measurable function h; : X x Y — R with

hrlloe < ILlB; 1 (34)

B, = [Iklloe ( . A>0.
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and

1
Ifor = fraly < X [Ephy & — Erhy @l (35)

foralltrainingsetsT = ((x1,y1), - - ., (Xn, ¥n)) € (XxY)", where Er denotes the expectation operator with respect to the empirical
measure associated to T, i.e. Erg = 1 31, g(xi, yi).

Recall that convex distance-based loss functions are in general not locally Lipschitz continuous. Nevertheless SVM using
these losses still enjoy stability as the following result shows:

Theorem 4.3. Let X be a separable metric space, L : R x R — [0, oo) be a convex, distance-based loss function of upper growth
typep > 1and P adistribution on X x R with |P|, < oo for some q € [p, oo]. Furthermore, let H be a RKHS of a bounded, continuous
kernel over X with canonical feature map & : X — H. Then there exists a constant ¢, > 0 depending only on L such that for all
A > 0 there exists a measurable function h; : X x Y — R with

sl ey < 8% (14 1P + Ifpa 127 (36)

1
Ifor. = frally < = IEphy & — Erhy &1y (37)
A

fors = pf—l all distributions P on X x R with |P|; < oo and all training sets T € (X x Y)". Finally, if L is also of lower growth type
p then we additionally have

qa-p
I ey < 167, (1+ [PEY) (1 + o llod ) . (38)

Proof. By taking care in the constants in the proof of [4, Theorem 10] we obtain a measurable function h; : X x Y — R
satisfying (37) and
Iy <4q maX{l, ly —fp,A(X)I”‘l}, (x,y) eXxY,

where ¢ is a suitable constant depending only on the loss function L. For ¢ = co we then easily find the assertion, and hence
let us assume that q € [p, co). In this case, the above inequality yields

I (x, y)I° < 4P max {1, [y — for ()17} < 472971 (1+ y|” + [for ()% . (39)

Since % < pands > 1we then obtain (36). Moreover, if ¥ is the function satisfying L(y, t) = ¥(y — t), y, t € R, we have

EplfpalP < 2””/){ Yly—fp,A(X)}" + lylP dP(x, y)

IA

27 [ A= 00) + T4 P dPx.y)
= 20! (Cl(.])ﬁL,P(fP,)») +1+ |P|f;)

27 (" Rup(0) + 1+ PP

27 (¢ (14 1PR) + 14 1PP)

2 (1+1P1)

INIA

IA

where c{]), c{z) > 1, and cf) > 1 are suitable constants depending only on the loss function L. Combining the estimate on

Eplfp. |P with (39) then gives

-1 a-p 1

Il < 925 (1417 + Wl Erlia)? )
=) - P n (3) 3
< @25 (14 P + sl (25 +1PD)

1+1 4 =P
=@ 2% ()" (1 1p e ) (1 1),
(4)

where ¢;” > 1 is another suitable constant depending only on the loss function L. Now note that we have ”Sﬂ =
(g +Dp-1)<2(pp—1and1+ % < 2. These estimates together with

pp=1)

4 14 a2 1
IPl; <IPlg =IPlg © < 1+IPlj"
then yield (38).
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The next lemma establishes Hilbert-space-valued laws of large numbers which are later used to bound the term
IEphy & — Erhy, @l

Lemma 4.4. Let (2, A, 1) be a probability space, Z be a Polish space, and Z = (Z;)i>1 be a Z-valued stochastic process on
0. Assume that Z satisfies the WLLNE and let P be the asymptotic mean of (Z, ). Furthermore, let H be a Hilbert space, and
& : Z — H be a continuous and bounded map. Then for all h € L., (P) we have

‘l n

lim — Y (h®) 0 Z = Eph®, (40)

n—oon =
where the convergence is in probability y. Moreover, if Z actually satisfies the WLLN then (40) holds for all f € L (P). Finally, the
convergence holds p-almost surely for all f € L, (P) or f € L1(P) if Z satisfies the SLLNE or SLLN, respectively.
Proof. Let us first show (40) for f € L(P) when Z satisfies the SLLN. To this end we first make the additional assumption
that there exists a compact subset K C Z with h(z) = 0 for all z € K. Now recall that ¢ is continuous and hence ¢(K) C H is
compact. Moreover, recall that H as a Hilbert space has the approximation property (see e.g. [45, p. 30ff] for details on this
concept). For a fixed ¢ > 0 there consequently exists a bounded linear operator S : H — H with m := rank S < oo and

[S¢(z) — 2@)|u <&, zeKk.

Letes, ..., en be an ONB of the image SH of H under S. Since (e;, S&) : Z — R,j = 1, ..., m,are bounded measurable functions
we then find that

(ej, hS®) = h(e;,S®), j=1,...,m,
are P-integrable. Consequently, they satisfy the limit relation (8), and by a well-known reformulation of almost sure
convergence (see e.g. [43, Lem. 20.6]) hence there exists an n, such that with probability not less than 1 — ¢ we have both

12
— E <ej,hsﬁﬁ>02,‘((x)) —Ep<ej,h5¢)
ni4

sup sup <em™/?

and

n

1
= Ihl 0 2i(w) — Bl

i=1

sup

nxng

<eé.

Let us fix an n > n, and an w € 2 which satisfy these two inequalities. Using h(z) = 0 for all z € Z \ K we then have

IA

1 1
- > (ho) o Zi(w) — - > (hS®) o Zi(w)

‘1 n
- > Ihl o Zi(w) - || @ 0 Zi(w) — S o Zi(w) |1y
i=1 i=1 i=1

H n n

H

A

8 n
< =Y lhloZ(w)
ni3

€ (& + Eplh)
& + € Eplh|.

IAIA

Moreover, n and w also satisfy

‘l n
H E (hS®) o Zi(w) — EphS®
ni3

10
<ej, E (hSdS) o Z,‘ (Cl)) — EphS 45>
i=1

1:

H (j—1
J/m sup
=1,

R}

2) 1/2
n

% Z (ej, hS‘lS) [¢] Z,(Ll)) — Ep(ej, hS‘P>

IA

i=1

< &.

In addition, h(z) = 0 for all z € Z \ K implies
IEehS® — Epholy < [ @) - 150() — 821y dP@) < el

and consequently we can conclude

n

% > (hd) 0 Zi(w) — Eph®
i=1

n n

% > (h) o Zi(w) — % > (hSd) o Zi(w)

i=1 i=1

=<

H H

+ |[EphS® — Eph & ||
H

+ H’]’ ;(hsqﬁ) o Zi(w) — EphS®

< 2¢(1+Eplh|).
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This shows

M(iwe!):sup

n=ng

% g(hé) 0 Zi(w) — Eph

<2e(1 +Ep|h|)}> >1-—¢,
H
and hence [43, Lemma 20.6] yields the assertion for our special case.
Let us now prove the assertion for general h € L;(P). To this end we may assume without loss of generality that || #(2)|| < 1
forall z € Z. Let us fix an € > 0. Since Z is Polish the measures P and |h|P are regular and hence there then exists a compact
subset K C Z with

P(Z\K) <& and / |h| dP < e.
Z\K

Now g = 1xh is a P-integrable function that vanishes outside the compact set K. Our preliminary considerations and the
SLLN consequently show that there exists an n, > 1 such that with probability not less than 1 — ¢ we have both

1 n
sup = Y (g9) o Zi(w) — Epgd| <¢
n>ng || N i—1 H
and
‘l n
sup |= Y (1xklhl) o Zi(w) — Eplpklhl| < e.
n>ng | N 535

Let us fix an n > n, and an w € 2 which satisfy these two inequalities. Using h — g = 1,khand || #(z)|| < 1forallz € Z we
then obtain

IA

” % g(hqs) 0 Zi(w) — Ephd

‘1 n ‘1 n
' - > (h) o Zi(w) — - > (g9) o Zi(w)
i=1 i=1

H H

+ | Epg® — Eph ||y
H

‘l n
+ ” - > (g®) 0 Zi(w) — Epg &
i=1

‘1 n
= 0 Z (121h1) 0 Zi(w) + € + Eplzklhl
i=1

&+ Eplaglhl + & + Eplzlhl

4e.
< 4s]> >1—g¢,
H

and hence we obtain the assertion by another application of [43, Lemma 20.6].

Finally, if Z only satisfies the WLLN then we obtain the assertion by omitting the terms sup,., in the above
proof. Moreover, for processes satisfying only a law of large numbers for events we have to use Lemma 2.5 instead of
Definition 2.6. W

Therefore we obtain

n

% > (hd) 0 Zi(w) — Eph®

n=ne i=1

u(!weﬂ:sup

In order to prove Theorem 2.17 we finally need the following technical lemma:

Lemma4.5. Let F : (0, 00) x N — [0, co) be a function with lim,_, ., F(A,n) = 0 for all A > 0. Then there exists a sequence
(An) C (0, 1] with
Jim 4, =0

and

nan;oF()»n, n) =0.

Proof. For k > 1 there exists an n, > 1 such that for all n > n, we have
F(k~',n) < k1. (41)
Obviously, we may assume without loss of generality that n, < n,q for all k > 1. For n > 1 we write

1 ifl<n<m

Ani=1, _ .
n K1 ifne < n < mgg.

Now let ¢ > 0. Then there exists an integer k > 1 with k-! < &. Let us fix an n > ny. Then there exists ani > k with
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n; < n < ni.1, and consequently we have A, = i~!. This gives
Mm=il<kl<e,

and since (41) together with n; < nyields F(i~', n) < i~! we also find
F(or,n) =FGi 'n) <i! <e.

These estimates show the assertion. ®

Proof of Theorem 2.17. We only show the assertion in the case of Z satisfying the SLLNE. Since L is locally bounded, the
function L(., ., 0) is bounded and hence we may assume without loss of generality that R, ¢(0) < 1 for all distributions Q
on X x Y. Let us fix a distribution Q on X x Y and a A > 0. Since f; , is @ minimizer of the regularized risk defined by Q we
then have

Mol < Mforlh + Rio(for) < Rie(0) <1

and hence we conclude ||fy.|ly < A~"/? for all distributions Q on X x Y and all A > 0. Moreover, we may assume without
loss of generality that ||k||., < 1, so that we have ||f|« < |Iflly for all f € H. Now, let us fix an & > 0. Since a simple argument

shows that lim, .o Rpp(fp1) = R} py = R} p we then find

Rip (@) — eﬂzp‘ < | RLp (o) n) — JQL.P(fm)} + ‘JQL.P(fP,A) A

ILl;=172 1 W) n — foallo + &
|L\>rl/2,1

IA

|Er, @) hs. & — Eph &, + ¢

foralln > 1, w € 2, and all sufficiently small A > 0, where h; : X x Y — R is the function according to Theorem 4.2,
and Er, (., denotes the expectation operator with respect to the empirical distribution associated to the training set T, (w) =
(X1 (w), Yi(w)), ..., Xn(w), Yn(w))), i€ Er, w8 = % Y1 8(Xi(w), Yi(w)). Furthermore, for all A € (0, €] and n > 1 we have

ILl3-1/2 1

u({we():sup

m>n

H]ETm(w)h)»¢ - Ephx@HH > g})

)\‘2
<pulywe 2:sup HETm(a;)h)L@ — Eph)‘@”H > —
m=n ILI5-172 4

=: F(A, n).
Moreover, by Theorem 4.2 we know that h; is a bounded function for all A > 0 and consequently, Lemma 4.4 yields
lim,_, o F(A,n) = Oforall A € (0, ]. Now Lemma 4.5 shows that there exists a sequence (A,) with A, — 0and F(A,, n) — O.

For fixed § > 0 there consequently exists an ng > 1 such that for all n > no we have [R;p(fp1,) — Rfpl < & Ay < ¢ and
F(\,, n) < 4. For such n our previous considerations then show

1% ({a) € 2 :sup ‘C‘RLP()‘Tm(w),Am) — :Rf.,,‘ > 28})
m>n

\lel/z]
<u|{we 2:sup i = | Er,@yhan @ — Ephy, O, > €
m>n m

< F(Aq, )

<.
This shows the assertion. W

Proof of Theorem 2.18. Again, we only show the assertion in the case of Z satisfying the SLLN. Obviously, we may assume
without loss of generality that ||k||.c < 1, so that we have |f|« < |flls for all f € H. Moreover, since |[P|, < oo we

may additionally assume without loss of generality that both |P|, < 1 and R,,(0) < 1. Note that the latter assumption
immediately yields

Iforlln <2712

forallA > 0.Let ¥ : R — [0, oo) be the function satisfying L(y, t) = ¥(y — t), y, t € R. The assumption |P|, < oo then
guarantees ¥ € L;(P) and hence the SLLN shows

7}2‘& R Ty(w) 0) = "VlanOlO ETn(w)W =Epy = ﬂLP(O) (42)

for w-almost all @ € 2. Moreover, we have A||fr, ) .43 < Ri1,w) (0) foralln > 1,4 > 0,and w € £2. Consequently the “local
Lipschitz continuity” of the L-risk which follows from (13) as shown in [4, Lemma 20] together with Theorem 4.3 yields



I. Steinwart et al. / Journal of Multivariate Analysis 100 (2009) 175-194 191

A

|Rep (o) = Repe)| < 6 (IPEZ] + Wi 1257 + W 2"+ 1) Wy — foalloo

p—1
G R 0)\ =z »
< f (2 + <%>()> +A—”z) B, (yhs & — Ephy, 6|y

foralln> 1,12 > 0,and w € £. Letus fixane > 0.For A € (0, €] and n > 1 we then obtain

u <{w €N sup | RLp frne)n) — Rup(fon)| = 8})

p—1
R 0 2 - }\2
s ([a) € 2 :sup (2 + (%)(U +)\‘pzl) B, ()15 & — Ephy |1y > C])
m>n :

=: F(A,n).

Moreover, Theorem 4.3 ensures h; € Li(P) for all A > 0 and hence Lemma 4.4 together with (42) shows that
lim,_ o F(A, n) = 0 for all > € (0, £]. Now the rest of the proof is analogous to the proof of Theorem 2.17. ®

4.4. Proofs from Section 3.1

Proof of Proposition 3.2. Obviously, it suffices to show that being AMS implies the WLLNE. To this end let P be the stationary
mean of (Z, u). Then there exists an np > 1 such that

‘l n
— g E,150Z — P(B)
i3

&
<57 n = nop,

)

1< 1<
— E 1307 - = E E,1g0Z
n & B o Zi(w) n & w g ©

and hence Markov’s inequality yields

/L(:a)e Q: %;13021'(0))—1’(3)

5u<[we():

2
< 48721172['5“ <Z (13 OZ,' - E/LIB o Z1))
i=1

=

)

for all n > ng. Let us write h; :== 13 0Z; — E, 13 0 Z;, i > 1. Then we have E, h; = 0 and h;(w) € [—1, 1] foralli > 1 and all
w € 2. Consequently, (20) gives R% (Z, u, i,j) < 2na(Z, i, i,j),i,j > 1, and hence we obtain

N ™

n 2 n n i—1 n i—1
Ey, (Z(lgoz.»—lEﬂlsoZi)> =EM2h?+2EﬂZ 1h,~hj§n+4ﬂ221:a(z,u,i,j).
P

i=1 i=1 j= i=1 j=

Combining the estimates then yields the assertion. ®

4.5. Proofs from Section 3.2
Proof of Theorem 3.3. Let B be the o-algebra of Z. We write P,(B) := % Yiim(Z € B)forBe Bandn > 1. Then P, is
obviously a probability measure on B for all n > 1. Let us first show that
lim C‘RL.P(an,)\n) = :'RZP. (43)
n—o00
To this end we first observe that the assumption (24) yields
Rp (o 2) < Aallfor i I+ Rip, oy 20) + ClIL 0 foy 1, lloon™
< Aallfona 7 + Rip, (oz) + ClL o foy 1 lloon™
< Mallfesn 7 4+ Rep(on,) + €1 (1L o fon, oo + 1L 0 fo 2, llo0) (44)
foralln > 1.Now R}, ; = R}, together with A, — 0 yields A, [Ifp.1, ||§ +Rpp(fen,) — Ri p. Moreover, for every distribution
Q on Z we have
ILofo.slleo < €+ 1Ll s lo0. 1 f loo < €+ ILI5; 1Ba
by (11) and Theorem 4.1. In addition, (|L|s, 1) is a non-decreasing sequence and the sequence (By,) is dominated by the

sequence (k;l/z). Consequently, (26) implies n™|L|s, 1B, — 0 and hence we find (43). Let us now fix an ¢ > 0. Then
Theorem 4.2 and Markov's inequality yield
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w({we 2 |Rp(fryw)im) — Rer(fronn)| = €})
< (e @it 1 M =l > )
< n (o€ 2 kloltls,, 1 |Eryoltn® — En,ha 8], > £, ))

lIZILIZ, 1 2
=z o | B, @) hn @ — Ep, ha B},
n

where h, is the function according to Theorem 4.2 for the distribution P, and the regularization parameter X,. Let us define

&n,i = (hn ¢) o (Xi7 YI) - Eu(hn @) o (Xi» Yi)
forn>1andi=1,...,n Then we have E,g,; = 0 and Theorem 4.2 yields

lIgn,illoc < ZSUE l(hy @) o (Xi, YD) (@) lln < 2 1hnlloo Iklloo < 2 KlloolLls, .1

we?

Consequently, (20) and (19) show that there exists a universal constant ¢ > 1 such that

2
n
2 _
Eorpt | Bry@)hn @ = Bp, by @, = 072 By | D (hy @) 0 (X, Yi) (@) — By (hy @) 0 (X;, Yy)
i=1 H
n n i—1
=n"’ Z Ey (8n.i» &n.i) + 2n? Z Z Eu(gn,ia &nj)
i=1 i=1 j=1
) n ) ) n i—1
<02 il + 2072 ) Y RE(Z, i 1, ) [gnilloo 1€l o
i=1 i=1 j=1
n i—1
< 4n” kIS 1L, o + Ik ILE, 72 YD e(Z, 1, i)
i=1 j=1

for all n > 1. By combining all estimates and using (26) we then obtain the assertion. H

Proof of Theorem 3.4. Without loss of generality we assume that ||k||.o < 1and |, y,lq < 1foralli > 1.In addition, we
can obviously, also assume that A, € (0, 1] for alln > 1. Now, we define P, (B) := % >, u(Z € B) for measurable B C X x R
and n > 1. For r € [1, q] a simple calculation then shows

‘l n ‘1 n
|Paly =/ y"dPy(x,y) = - Zf W dpeyy % y) = =D kel < 1. (45)
XxR n 7 JXxr ni=

Moreover, [43, Thm. 23.8] together with Fatou’s lemma yields

9] ) ‘l n
|P|§=f0 P({(x,y)GXXR:IyIth})dt=/0 lim = Y pu(fw e 2: V(o) >t})dt

IA

liminff %ZM ({w e 2: |Yi(w)|" >t} dt
n—oo 0 -1

IA

N .
lim inf - ; [, v |
< 1.
Having finished these preparations we can now begin with the actual proof. To this end first observe that we obtain

R p oy 1n) < Anllfoi, ||124 + Rip(fein) + C7 (IL o fpan gy + IL © fonin iy ()

as in (44). Moreover, we obviously have ||L o fp;, I, = Rip(fpr,) < Rip(0) < c for some constant c independent of n. In
addition, (45) yields

1L o forna e / VO~ () P, )

IA

5 / 1+ 1P + foy 1, () PAP(x, )
XxY
28, + & s I,

R1p, (0) > 5
n

IA

IA

26, + GpllklIB, <

_D
2¢, + CpAn 2,

IA
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where ¢, and ¢, are constants only depending on L and p. Combining these estimates with lim, .o R.p(fp2) = R py = R[»p
and (30) we then obtain limy, oo Ry p(fe,.1,) = R p-

Now let us assume that we have an w € 2 and ann > 1 with ||fr, ()2, — froaalls < 1. For p > 1 the “local Lipschitz
continuity” of the L-risk which follows from (13) as shown in [4, Lemma 20] together with A, < 1 then yields

| Rep G ) = Rep G ind)| = G (1P A+ Wopin 2+ Wrntonn B + 1) Wit = Frotenin oo
Gy (24 2o 10 12"+ W12 — FoniaI25") Wi i = Fracon. il

p—1
Rip,(0)\ 7
G (3 +2 (%) ) few.in = Fra(@).in I

P

Co An &3 Wfpwtn = fra(@).in lH

_ pil
G An ”]ETn(w)hn¢ - EPnhn‘pHH’

IA

IA

IA

IA

where C, > 1and C, > 1 are constants only depending on p and L, and h, is the function according to Theorem 4.2 for the
distribution P, and the regularization parameter X,. Moreover, for p = 1 we see that L is Lipschitz continuous by [4, Lemma
4] and hence the above estimate is also true in this case. Let us now define

8ni = (ha®) o (X;, Vi) —E,(h,®) o (X;, Y;)

forn>1andi=1,...,n Then we have E,g,; = 0 and fors := # we find

g illo < 20l < 128c (14 2ol + Wi 1257)

p—1
Rip (0N T
128¢; 2+<%()> )

p—1

CL,p )‘-n z )

IA

IA

where G, > 0is a constant only depending on L and p. For § > 0 Markov’s inequality together with s > 2,(20) and (19) thus
yields

m ({w € 2 |Eryw)hn® — Ep,hy &, > 8})

n i—1
(ZE;L gnl,gnx +ZZZE/" gnhgnj)

6 i=1 j=
1
< 5o (Z llgnill7, +ZZZRH(Z i J)“gnl”Ls(lL)“gnﬂLg(u_))
i=1 i=1 j=1
CLp CLp n =l -2 . . 2 -
< = oI (Z, 1 e (Zs 10,1, ])
82)#71 82)\p ln2 12]:; 128 §05ym 1
- (1+0)0C,p
82307 1np

where C;, > 0 is another constant only depending on L and p. Let us now fix an ¢ € (0, 1]. For w € £ and n > 1 with

)\(p+1)/2
|Er,@yhn ® — Ep,hn @, < 8"67
14

(-1)/2
we then have ||fr, )1, — feainlln < M"ci < 1, and consequently we can conclude
P

m({we 2 |Rp(fe, i) — Rip(Fruwyin)| < €})

=

_ (1 + C)CLpELZ,
£2).2Pnp

)\#H])/Z
w € 2 |Epwha® — Ep,hy @], < C})
P

Using (31) then yields the assertion. H
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